Background Although intention-to-treat analysis is a standard approach, additional supplemental analyses are often required to evaluate the biological relationship among interventions, intermediates, and outcomes. Therefore, we need to evaluate whether the effect of an intervention on a particular outcome is mediated by a hypothesized intermediate variable.
Introduction
In randomized controlled trials (RCTs), intentionto-treat analysis is the standard approach used to compare the treatment effects of an experimental arm to a control arm. This approach is based on the principle that the effect of an intervening policy is best assessed by an evaluation based on the intention to treat a subject (i.e., the planned treatment regimen) rather than the actual intervention used [1] . However, additional supplemental analyses are often required to evaluate the biological relationship among interventions, intermediates, and outcomes. For example, if there is a statistically significant difference in the primary outcome between the two arms, some investigators examine whether the intervention could work through a hypothesized mechanism. If no statistically significant difference is found, investigators will determine which pathway in the intervention did not work well in the RCT. This kind of analysis is important for an in-depth understanding of the results and further development of similar interventions.
For this analysis, we need to evaluate whether the effect of an intervention on a particular outcome is mediated by a hypothesized intermediate variable. Statistically speaking, this concept relates to the decomposition of the total effect to the direct and indirect effects. In practice, this investigation has sometimes been conducted using a statistical regression model with adjustment for an intermediate variable. For example, Freedman et al. [2] proposed that the effect of treatment on the clinical outcome after adjustment for the intermediate should be compared with the effect without adjustment. Thereby, they demonstrated that the effect of cholestyramine treatment on coronary heart disease was clearly indicated by the cholesterol-lowering effect of the treatment. However, to adjust such intermediate variables measured after randomization as covariates of standard regression models is considered problematic in most cases [3, 4] . In addition, subtracting the direct effect, estimated from the regression model, from the total effect does not generally yield a quantity that can be interpreted as an indirect or mediated effect [5] . Until recently, there was no statistical method to decompose a total effect into direct and indirect effects, especially when there was a nonlinear relationship between an intervention and an outcome or the interaction between the effects of an intervention and an intermediate on the outcome.
The introduction of a new definition for direct and indirect effects by Robins and Greenland [6] and Pearl [7] promoted assessment of the mediation under the counterfactual framework. If we follow the terminology introduced by Pearl, there are two classes of direct effect: 'controlled' and 'natural' [7] . There are several differences between these two direct effects, which can result in different interpretations when these evaluations are applied to clinical data, for example, in the interpretation as an effect being 'prescriptive' or 'descriptive' [5, 7] . Moreover, the difference between a total effect and a natural direct effect can be interpreted as an indirect effect but not a controlled direct effect, in general [6] [7] [8] [9] . In recent years, there have been many discussions about the conditions to identify a direct and indirect effect, especially in an epidemiologic research, and some analytical methods for this identification have been properly developed on the basis of counterfactual definitions [10] [11] [12] [13] .
In this article, we will first provide an overview of the statistical methods under the counterfactual model to estimate the direct and indirect effects. To evaluate the size of the direct effect in the total effect, we focus on the estimation of the natural direct and indirect effects. Finally, we apply our analysis strategy based on the marginal structural model proposed by VanderWeele [10] to the Candesartan Antihypertensive Survival Evaluation in Japan (CASE-J trial), which is a large-scale RCT that compared the effects of two antihypertensive agents on cardiovascular events in high-risk hypertensive patients [14] .
Methods

Definition of direct and indirect effects
We first consider an RCT for antihypertensive treatments with two drug treatment conditions and two outcomes: a blood pressure level as an intermediate outcome and a cardiovascular event as a primary outcome. Let Z denote the randomized interventions (i.e., antihypertensive agents); S, a post-treatment intermediate variable (i.e., blood pressure after treatment); and Y, outcomes of interest in the trial (i.e., cardiovascular events) ( Figure 1 ). Let X denote a set of baseline confounders and U, unmeasured confounders between intermediate-outcome relationships. In the ideal RCT, intervention and both the intermediate condition and outcome have no common causal pathway from other variables. Unfortunately, in the presence of the unmeasured confounders U, the direct and indirect effects are not identifiable [15] . We will assume that there are no unmeasured confounders U between intermediate-outcome relationships or that even if they exist, all unmeasured confounders completely influence the intermediate variables through the measured confounders. Under this assumption, we can remove U from Figure 1 . The problem of the unmeasured confounders will be examined in the Discussion. Next, we will consider the definitions of direct and indirect effects in this situation.
Hereafter, we will assume that the intervention and outcome are binary and the intermediate is continuous. Robins and Greenland [6] and Pearl [7] formalized the notion of direct and indirect effects in the counterfactual framework. For a random sampled individual i, the observed variables are shown as Z i , S i , Y i , and X i . Y i,z is an individual's potential outcome if the intervention Z i is set to z (0 for control treatment, 1 for experimental treatment), and the individual causal total effect is denoted as the difference between the potential outcomes ðY i,1 À Y i,0 Þ. Such potential variables are termed 'counterfactual,' because only one variable is observed for each individual in reality [16] . Throughout this study, we have assumed that when an individual actually receives a treatment z, the individual's observed outcome Y i equals the potential outcome Y i,z , provided the intervention is set to the same treatment. This assumption connects the observed data to the potential outcomes and is known as a 'consistency assumption' [17] .
Since it is impossible to observe both counterfactuals in an individual, we consider the marginal distribution for the entire population of the potential outcomes Y i,1 and Y i,0 . The average total effect can be shown as PrðY i,1 ¼ 1Þ À PrðY i,0 ¼ 1Þ, and the unbiased average total effect can be estimated by using the observed data through an intention-totreat analysis under the random allocation as follows: Under these counterfactual models, two types of direct effects are formalized: a controlled direct effect and natural direct effect [6] [7] [8] [9] [10] [7] .
On the other hand, another definition of the direct effect, namely, the natural direct effect, has been proposed. The individual natural direct effect of intervention on outcome, comparing experimental with control treatment, under the value of the intermediate 'set' to what it would have been if the intervention had been a control treatment, S i,0 , is formally defined by Y i,1,s i0 À Y i,0,s i0 . The average natural direct effect is given as PrðY i,1,s i,0 ¼ 1Þ À PrðY i,0,s i,0 ¼ 1Þ. In the case of the average natural direct effect, the average indirect effect can be calculated simply by subtracting the average natural direct effect from the average total effect [7] . If an intervention and intermediate interact to yield the outcome, estimation of the controlled direct effect depends on the level at which the intermediate is set, whereas the average natural direct effect provides a single summary of the average controlled direct effect in the entire population [9] . If there is no interaction between the effects of the intervention and the intermediate on the outcome, the average controlled direct effect and the natural direct effect are equivalent [18] .
We will assume that the data strings (
. . , N are realizations of N independently and are identically distributed random vectors, and henceforth, we will suppress their dependence on the subject index i. In the ideal RCT setting, the randomized intervention Z and potential variables (S z , Y z,s ) are independent from the baseline variables X. Several authors have investigated the conditions to estimate the average controlled and natural effects. First, we need a condition such that all confounders between S and Y z,s are measured, that is,Y z,s z 2 f0, 1g ' S fZ, X, in order to estimate both the average controlled and natural direct effect (no unmeasured confounder condition exists in the intermediate-outcome relationship) [10] . To estimate the average natural direct effect, we need the additional condition of a relationship between two potential variables (Y z,s and S z ). Pearl showed that the average natural direct effect is identifiable if Y ðz,sÞ ' S 0 X j holds for all S [7] . This condition can be interpreted as a potential outcome Y z,s does not depend on the level of the intermediate in the control arm Z ¼ 0 given a set of confounders X.
Marginal structural models
We considered the average causal effect as the contrast of two marginal probabilities. This causal risk difference can be expressed in terms of the parameter of the linear model like PrðY z ¼ 1Þ ¼ 0 þ 1 z. As stated in the previous section, this causal parameters are equal to the corresponding parameters of the following association model under the random allocation (no confounding),
1 z, and thus it is possible to estimate the causal parameters from the observed data. The former model is called as a marginal structural model because this models the marginal distribution (¼ entire population) of counterfactual random variables. On the other hand, the latter is called as an associational model because this is a model for associations observed when comparing sub-populations (defined by levels of treatment) of the entire population [19] . However, the parameters of the associational model will not equal to the corresponding causal parameter if there is confounding. Robins et al. have proposed a weighted analysis procedure for this association model, which in turn gives unbiased estimates of causal parameter [19] . This weighting technique to estimate the causal parameter is well known as standardization in epidemiology. Sato and Matsuyama reviewed why this technique provides an unbiased estimate with a simple example [20] . We will later describe how to calculate the causal parameters of the marginal structural model to estimate the direct and indirect effects in our data.
Application data
We briefly describe the CASE-J trial, which is a prospective, multicenter, randomized, open-label, active-controlled, two-arm parallel-group comparison with a response-dependent dose titration and blinded assessment of the endpoints in high-risk hypertensive patients [21] . The purpose of this trial was to compare the long-term effects of the angiotensin receptor blocker candesartan and the calcium-channel blocker amlodipine on the incidence of cardiovascular events, represented as a composite of sudden death and cerebrovascular, cardiac, renal, and vascular events in high-risk hypertensive patients. After informed consent was obtained, 4728 high-risk hypertensive patients aged 20-84 years were randomized to receive either of the two antihypertensive agents (the candesartan and amlodipine arms) and followed up for at least 3 years. The same target for the control of blood pressure was set according to the guidelines proposed by the Japanese Society of Hypertension [22] . Data were collected every 6 months for blood pressure, medication (treatment period, drug compliance, and concomitantly used antihypertensive or other drugs), and other clinical conditions. Each patient had a maximum of eight follow-up visits, from the baseline to the last visit, and information on adverse events, dropouts, and cardiovascular events was periodically collected until the death of the patient or completion of the study (December 2005).
The CASE-J trial revealed that the two treatment arms equally suppressed the incidence of cardiovascular events during the mean follow-up period of 3.2 years, with a 97.1% follow-up rate. The hazard ratio of the primary endpoint was 1.01 (95% confidence interval [CI] ¼ 0.79-1.28; p ¼ 0.969) [14] . On the other hand, the achieved systolic blood pressure at 6 months after enrolment was 143.5 mmHg in the candesartan arm and 141.4 mmHg in the amlodipine arm. The difference in systolic blood pressure was 1.7 mmHg after 3 years, and there was a small but statistically significant difference in the achieved blood pressure between the candesartan and amlodipine arms in the follow-up period.
Models for estimating the natural direct effect
To estimate the average natural direct and indirect effects in the CASE-J trial, we can utilize the marginal structural models introduced by VanderWeele [10] . Figure 2 is a causal graph that represents the CASE-J trial up to time of the second visit. In these longitudinal settings, data string (Z, S, Y, X, Y z , S z , Y z,s ) corresponds to (Z, SðtÞ, Yðt þ 1Þ, LðtÞ, Y z ðt þ 1Þ, S z ðtÞ, Y z,s ðt þ 1Þ). The visit time (t) is represented as semiannual visits, and Yðt þ 1Þ is an indicator of the first onset of the outcome between visit t and t þ 1 (t ¼ 0 to 5). The outcomes of interest are the onset of cardiovascular, cerebrovascular, or cardiac events. Let LðtÞ be a vector of baseline variables and time-varying covariates measured before visit t and SðtÞ be the achieved systolic blood pressure (intermediate variable) at the visit (t). Therefore, LðtÞ is measured prior to SðtÞ (Figure 2 ). Let SðtÞ be the historical pattern of the achieved systolic blood pressure. Since the percentage of patients who received more than 80% of the allocated drugs during follow-up was 96.5% and 96.0% for the candesartan and amlodipine, respectively [14] , we will consider the randomized intervention Z not to be a time-varying variable.
For the present analysis, Lð0Þ is a vector of the following covariates measured at the baseline: age, sex, body mass index, systolic blood pressure, diastolic blood pressure, pre-existing type 2 diabetes, a history of cerebrovascular events (including stroke or transient ischemic attacks more than 6 months prior to the screening), left ventricular hypertrophy, a history of ischemic heart disease (including angina pectoris or myocardial infarction more than 6 months prior to the screening), renal disease (proteinuria or renal dysfunction), hyperlipidemia, antihypertensive drug use at the time of enrolment, smoking history, and alcohol drinking. LðtÞ further comprises age and concomitant use of diuretics, beta blockers, alpha-beta blockers, lipidlowering drugs, and anti-diabetic drugs. The timevarying covariates were carried forward from the most updated value, although there were few missing data in the covariates in the CASE-J trial. We will use LðtÞ as the history of the time-varying covariates up to the time of visit (t), including both the time-varying and non-time-varying covariates measured at the baseline.
Let S z ðtÞ denote a counterfactual intermediate after the visit (t) at an intervention Z value of z, and let Y z, s ðt þ 1Þ, be a counterfactual outcome at the time of the visit (t þ 1) at an intervention Z value of z and an intermediate SðtÞ value of the intermediate history s. In longitudinal settings, the conditions for identifying natural direct and indirect effects at a single point setting need to be generalized for estimating the natural direct and indirect effects. In the ideal RCT setting without time-varying treatment, it follows from the results of VanderWeele [10] that if the following two conditions hold, the natural direct and indirect effects are identified:
The first condition requires that for every time period t, the effect of the intermediate SðtÞ on the outcome Y is not confounded given the covariate history L up to time t and the allocated treatment. In this situation, the treatment Z is fixed through the trial. The second condition requires that the treatment should not affect any time-varying confounders in the mediator-outcome relationship for any time t. If the treatment is also time varying, we need to consider the treatment history up to time t and modify these two conditions accordingly.
We will apply a weighted pooled logistic regression model with repeated measurement to estimate where 0 ðtÞ and 0 ðtÞ are time-specific intercepts for each visit. The second model assumes that the outcome depends only on the most recent value of systolic blood pressure, as shown in Figure 2 . Note, both models are models for distribution of the counterfactual random variables conditioned by a set of confounders Lð0Þ. This conditioning is for substituting E½S z ðtÞ in the second marginal structural model at the end, and not for controlling the confounders [10] . Since the CASE-J trial was an RCT and noncompliance for the use of the allocated drugs was negligible, we can assume that there is no confounding between the intervention-intermediate relationships. Therefore, the causal parameters of the first marginal structural model can be estimated by simply fitting a linear model with repeated measurements. On the other hand, we need to adjust for the confounding between the intermediate-outcome relationships to estimate the causal parameters of the second marginal structural model, which models the marginal distribution of the potential outcome Y z, s . These parameters can be unbiasedly estimated by using the inverse probability weighting (IPW) technique, in which there are no unmeasured confounders between the intermediate and outcome [19, 23, 24] . Each patient's IPW is the inverse of the probability that the systolic blood pressure level has been controlled to a specific value S i at visit (t). We specify the timevarying stabilized weight (sw) as
where f ðSðkÞ Z, Lð0Þ Þ is the conditional density of the continuous variable SðkÞ, given Z and Lð0Þ. SðkÞ is assumed to be normally distributed with mean ð 0 þ 1 Z þ 0 2 Lð0ÞÞ and variance 2 . These parameters can be obtained by the least square regression for each separate visit (k), and f ðSðkÞ Z, Lð0Þ Þ can be estimated by the normal density with the estimated means and variance [19] . We further account for the selection bias, which is due to censoring of loss to follow-up and noncardiovascular death. Specifically, let CðtÞ ¼ 1 if a patient was lost to follow-up or died from noncardiovascular causes by the time of visit (t), and CðtÞ ¼ 0 otherwise. To unbiasedly estimate the causal parameters in the second marginal structural model in the presence of censoring, we use both sw i ðtÞ and the inverse probability of censoring weight, that is,
where CðtÞ ¼ ðCð0Þ, . . . , CðtÞÞ ¼ 0, and CðÀ1Þ ¼ 0. Then, the required patient-specific IPW Note, Lð0Þ is already included in the denominator of sw i ðtÞ and, and the most recent covariate values L are included as the history of covariates until the visit (t) in these particular models. We can obtain the causal parameters in the second marginal structural model by fitting the weighted pooled logistic model with repeated measurements using the time-varying patient-specific IPW. In both the first and second marginal structural models, we choose an independent type variance-covariance matrix of repeated measurements for the same individuals in the 'repeated' statement of SAS 'proc genmod' (SAS ver. 9.2; SAS Institute Inc., Cary, NC, USA).
Finally, we can estimate the probability PrðY z, ðtÞ l ð0Þ Þ, respectively, for the entire population. If the intervention Z is set to the value z and intermediate S is set to that corresponding to control treatment, the incidence probability by the end of the trial can be estimated as Pr
ðkÞÞg. The estimated average natural direct effect is Pr _ ðY 1,
Þ, and the average natural indirect effect ¼ average total effect -average natural direct effect, as defined above. The re-sampling-based CIs for each estimate of the natural direct and indirect effects were calculated on the basis of the normal approximations with 500 bootstrap samples and their standard deviations [25] . The CI of the total effect is constructed on the basis of the normal approximation (i.e., 1.96 Â standard error of the risk difference). All statistical analyses were conducted using SAS version 9.2. Table 1 shows the baseline characteristics, concomitant therapies, and average systolic blood pressure and diastolic blood pressure during the follow-up and the number of cardiovascular, cerebrovascular, and cardiac events. Of the 4703 patients in the intention-to treat population in the CASE-J trial, 150 patients never underwent systolic blood pressure measurements before they were censored or experienced cardiovascular events during followup; therefore, they were excluded from the analysis. As shown in Table 1 , the patients excluded from the analysis had higher baseline systolic and diastolic blood pressures than the remaining 4553 patients analyzed and did not receive antihypertensive drugs at the baseline, but there were no statistical significant differences in the other baseline variables between the groups. During follow-up, concomitant antihypertensive drugs were more often taken in the candesartan arm than in the amlodipine arm. The mean achieved systolic and diastolic blood pressures in the candesartan arm were higher by 1.7 and 1.0 mmHg, respectively, than those in the amlodipine arm (Table 1 ). Figure 3 shows the time course of the changes in systolic blood pressure in the candesartan and amlodipine arms. The achieved systolic blood pressure gradually decreased with the follow-up time. Table 2 shows the results of the associations between the baseline characteristics and the achieved systolic blood pressure through the linear regression model with repeated measurements. These parameter estimates are the causal parameters estimated in the first marginal structural model explained above. Several baseline variables, also considered strong risk factors for cardiovascular events, were found to be strongly associated with the achieved systolic blood pressure. In this analysis, the systolic blood pressure in the candesartan arm was 1.9 mmHg higher than that in the amlodipine arm (p < 0.001). There was no association between the treatment arm and time at which the decreased systolic blood pressure was observed (data not shown). Table 3 presents the average total effect; two estimates of the counterfactual incidence probabilities; their difference (i.e., average natural direct effect); and the average natural indirect effects for cardiovascular, cerebrovascular, and cardiac events. The first row in Table 3 presents the estimated average total effect represented as a risk difference between the candesartan and amlodipine arms. No significant differences were observed in the average total effect between the candesartan and amlodipine arms with regard to the cardiovascular, cerebrovascular, and cardiac events. To explain this simply, in Table 3 , Pr _ ðY 1,
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Þ, is the incidence probability obtained when the entire population received candesartan but with the achieved systolic blood pressure set to what it would have been had the entire population received amlodipine. On the other hand, Pr
Þ is the incidence probability obtained when the entire population received amlodipine but with the achieved systolic blood 
Discussion
In this article, we have described a method for estimation of average natural direct and indirect effects by fitting the marginal structural model, and we have evaluated the contribution of the average natural direct and indirect effects to the average total effect in the CASE-J trial. To our knowledge, this is the first application of the average natural direct and indirect effects to real RCT data.
Although the 95% CIs are wide and no strong effects are seen in this analysis, we can suggest that there are some small blood pressure-independent effects from candesartan on cardiovascular and cardiac events but not cerebrovascular events. Moreover, three outcomes in the CASE-J trial show that the contributions of blood pressure-independent and dependent effects were similar in cardiovascular and cardiac events but different in cerebrovascular events. These results are also consistent with the previous findings of the Blood Pressure Lowering Treatment Trialists' Collaboration [26] . There are some merits of using average natural effects compared to average controlled effects. First, the average total effect can be decomposed into natural direct and indirect effects, and we can evaluate the proportion of direct effects (or indirect effects) in the total effect. This can be naturally considered as one measure for the evaluation of a surrogate endpoint (e.g., the ratio of the absolute values of the average natural direct and indirect effects or the ratio of the indirect effect and the sum of the absolute value of the natural direct and indirect effects). This concept is similar to that of Freedman et al. [2] or Taylor et al. [27] , and it could be considered a different approach from the classical validation approach [28] . Secondly, when the intermediate variable is continuous and since it is well known that lower the systolic blood pressure the better, it is difficult to interpret the results of the controlled direct effect if we simply 'set' the intermediate to a certain value (e.g., 140 mmHg in the CASE-J trial data). This especially holds for some patients whose systolic blood pressure can actually be controlled below a certain value, and it is not difficult to interpret if we use the average natural effects.
However, there are several conditions for identification of average natural direct and indirect effects. One of the most difficult conditions is the conditional independency between two potential variables as Y z,s ' S 0 X j . Petersen et al. proposed the CI ¼ confidence interval. a Total effect was the risk difference between the candesartan arm and the amlodipine arm estimated on the basis of the intention-totreat principle. b 95% CI is calculated using the bootstrap method except in the case of total effect.
less restrictive condition EðY 1,s À Y 0,s S 0 , X j Þ¼EðY 1,s ÀY 0,s X j Þ. However, in either case, we can never simultaneously observe Y z,s and S 0 in an individual; therefore, it is difficult (or almost impossible) to verify this assumption from data [9] . Recently, VanderWeele proposed a sensitivity analysis for unmeasured confounders in order to estimate the controlled and natural effects [29] . This simple formula is especially useful when the specific confounder is not measured, and its influence on the results can be presumed. In addition, several techniques for the sensitivity analysis for unmeasured confounders and model misspecification have been proposed in the context of the estimation of total or joint effects [30] [31] [32] . Another approach using bounds might be utilized more fully at the time of evaluating the direct or indirect effects, even though the ranges of bounds are generally wide [33] [34] [35] . In an RCT, the causal graph given in Figure 2 is more reasonable than epidemiological data if noncompliance for the use of the allocated drugs is negligible, because we can control the treatment schedule and data collection. We measured many variables in the CASE-J trial data that correspond to either systolic blood pressure (intermediate) or cardiovascular events (outcome). Thus, we considered that the conditional independency between two potential variables is satisfied as far as this is practically presumed.
In conclusion, we considered direct effects with repeated measurements in the longitudinal setting and estimated the average natural direct and indirect effects through the achieved systolic blood pressure in the CASE-J trial. This first application of estimating the average natural effects in an RCT can be useful for obtaining an in-depth understanding of the results and further development of similar interventions.
